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INTRODUCTION
Roads, highways and railways are pervasive features of human-occupied landscapes, occurring in the cities, rural areas and remote areas of most nations (Davenport and Davenport 2006) . This infrastructure and the vehicles on them can have pronounced impacts on the abiotic (e.g., chemical effluents, hydrology, land forms) and biological processes in nearby ecosystems (Forman et al. 2003) . For example, there are an estimated 1.5 million collisions per year between vehicles and large mammals in the USA (Conover et al. 1995 , L-P Tardiff and Associates 2003 , Huijser et al. 2007a . Despite decades of research aimed at identifying which factors explain and predict the occurrence of wildlife-vehicle collisions (WVCs), few generalities have emerged among species or study areas (Gunson et al. 2011) . For example, the amount of forest cover increased deer (Odocoileus spp.) collisions in Illinois and Iowa, but not in Minnesota (Finder et al. 1999 , Hubbard et al. 2000 , Nielsen et al. 2003 . Population density was the most important factor explaining moose (Alces alces)-vehicle collisions in Norway, but not Newfoundland (Joyce and Mahoney 2001, Rolandsen et al. 2011) . These idiosyncrasies highlight the urgent need for road ecologists to identify the contextdependent processes giving rise to WVCs in different study areas and for different species.
A critical first step to creating a general framework that can predict WVC occurrence is to address the methodological and biophysical (i.e., landscape and road characteristics) contexts within which data are collected (Forman et al. 2003 , Seiler 2003 . For example, measurement error (Gunson et al. 2009 ), differences in data collection protocols by researchers (Huijser et al. 2007b) or large-scale (i.e., landscape or region) biophysical differences among study areas (National Research Council 2005) may all contribute to why a particular variable increases, decreases or has no effect on WVC occurrence. The effects of methodological differences are readily addressed through consistent data collection protocols among studies (Huijser et al. 2007a , Gunson et al. 2009 ); however, incorporating large-scale biophysical variables into studies on WVCs remains a significant knowledge gap in road ecology research.
One reason why large-scale biophysical variables are challenging to address in WVC studies is that data collection efforts are often constrained by political boundaries-a by-product of agency cooperation among different political entities associated with transportation networks. Often times political boundaries split important biophysical boundaries, potentially masking large-and local-scale processes that can affect the probability of WVCs. Large-scale processes include land-use patterns (e.g., urban, rural, wilderness), watershed boundaries, human population growth, and wildlife population density (Forman 1995 , Collinge 2009 ). Local-scale pro-cesses can include road visibility, traffic volume, vehicle speed, habitat types, and topography (Forman et al. 2003) . Understanding how these processes interact with one another requires, among other things, study area boundaries congruent with biophysical processes (Reiners and Driese 2004) .
We tested the extent to which factors predicting WVC occurrence were general among five study areas distributed over a 11,400 km 2 region in the Canadian Rocky Mountains. Our goal was to first control for methodology and then to quantify the extent to which localized factors predicted WVC among and within study areas. We focused our efforts on WVCs involving animals from genus Odocoileus spp. (deer) and ensured that our study area boundaries were congruent with major shifts in biophysical variables (e.g., climate, elevation). We then tested the hypothesis that factors predicting WVC occurrence will be consistent among study areas with similar biophysical characteristics. We contrasted this hypothesis with the null expectation that WVCs are idiosyncratic and exhibit high residual spatial auto-correlation in statistical models.
METHODS

Study area
The study area includes the mountainous landscapes of Banff, Kootenay and Yoho National Parks and adjacent Alberta provincial lands ( Fig. 1 ; 50849 0 11 00 to 51823 0 38 00 N, 11589 0 46 00 to 116829 0 7 00 W). The climate is continental and characterized by long winters and short summers (Holland and Coen 1983) . We divided the landscape into five contiguous study areas, each with a major highway running along the valley bottom, and whose boundaries were derived from major watersheds (e.g., the continental divide) or abrupt transitions along biophysical gradients (i.e., elevation, valley width, valley orientation) ( 
Wildlife-vehicle collision data
In January 1997, we collaborated with wildlife and highway managers in each study area to standardize WVC data collection. During regular operations, workers marked each WVC they encountered and reported the location to us. We subsequently visited the site and obtained a Universal Transverse Mercator coordinate using a differentially corrected global positioning system (GPS) unit (error , 3 m; Trimble Navigation, Sunnyvale, California, USA). We collected data on WVC locations for five ungulate species, and a total of 546 ungulate-vehicle collisions were reported between August 1997 and November 2003. However, we focused our analysis on deer, pooling data from mule deer (O. hemionus) and white-tailed deer (O. virginianus). Both deer species were prevalent in all study areas, comprised a large proportion (53%) of all WVCs, and we observed that these species have similar habitat requirements in our area.
We expect that these two species may segregate among habitats, as do the sexes and age classes within species. However, our study addresses factors affecting WVCs, rather than habitat selection. There may be areas where these two species overlap, and other areas used exclusively, but the degree of segregation does not necessarily address the risk of WVC occurrence. WVC occurrence is shaped by an interaction of habitat selection, population abundance, and road variables (Forman et al. 2003 , Seiler 2005 , Gunson et al. 2011 . Moreover, previous work in our study area by Lobo and Millar (2013) show that WVCs by these two deer species tend to occur in the same area, and Lingle (2002) showed that Odocoileus spp. overlap for foraging and movement in an area nearby our study site. We also verified that white-tailed and mule deervehicle collisions co-occurred using the Williamson overlap index (Williamson 1993) . The overlap index was 2.94, indicating that vehicle collisions with the two species were spatially correlated along each highway in study areas and thus could be grouped together.
Predictor variables
We identified 17 field and geographic information system (GIS)-derived variables that have been shown to affect the rate and location of DVCs in previous studies (Gunson et al. 2011) and measured these variables at 289 observed DVC locations and 721 random locations ( Table  2 ). The number of random locations was proportionate (ca. 2:1) to the number of observed WVC locations of the original, multi-ungulate dataset in each study area. Measurement of field variables was obtained by first relocating each DVC and random location with a handheld GPS unit between April 2003 and February 2004 (Gunson et al. 2009 ). We used a rangefinder (Yardage Pro 1000, Bushnell, Denver, CO) to quantify visibility measurements variables in the field and an optical reading clinometer to measure slope.
Statistical analysis
We measured collinearity of explanatory variables for each study area and calculated variance inflation factors (VIF; Zuur et al. 2010) . We removed variables with a VIF ! 3.0 including: percentage of forest cover, shrub cover, and open area; in-line (5 m) visibility, angular visibility, and presence of barriers. Exploratory fitting of these v www.esajournals.org data suggested that most predictor variables had non-linear relationships with the response variable. We therefore used Generalized Additive Models (GAM) to address these non-linear relationships, with cubic spline smoothing functions for all variables, and a logit link function with location type (i.e., observed or random) as the response variable.
We were not only interested in which localscale factors predicted the location of WVCs, but the extent to which these factors were general within and between study areas. We first analysed DVCs at a large-scale by pooling data from the five study areas. We incorporated all non-collinear predictors, created models using all combinations of predictors and ranked model fit using Akaike's Information Criterion (AICc) (Burnham and Anderson 2002) . We defined the null model as the best-fitting model using these large-scale data. Next we considered how the fit of the null model is affected by: (1) study area, (2) location (i.e., a two-dimensional smoother term for spatial coordinates), and (3) an interaction of study area and location. The study area term was used to quantify support for our initial characterization of the biophysical drivers of DVCs across this region; if our characterization was accurate and these large-scale processes mattered, then this factor should improve the null model. The location term addressed the extent to which DVCs were the result of spatially autocorrelated processes at the local scale (withinstudy area). We anticipated that deer abundance would vary at these local scales and to influence DVC occurrence. If factors predicting DVCs are driven by highly localized processes, then spatial coordinates should improve model fit. The model containing an interaction of the terms for studyarea and spatial coordinates addressed a synergy between the large-scale and local-scale processes giving rise to DVCs.
Finally, to address the extent to which the factors predicting DVCs were general among study areas, we subdivided the large-scale data 
RESULTS
Collision summary data
Most of the 289 DVCs that we detected over the six-year study occurred in Bow-East (47%), followed by Kananaskis (18%), Bow-West (12%), Kootenay (12%), and Kicking Horse (10%). As a function of road-length and vehicle traffic (1000 annual average daily traffic volume [AADT]), the highest collision rate also occurred in Bow-East watershed (4.0 collisions km À1 ; 0.24 collisions km À1 1000 AADT À1 ), followed by Bow-West (1.1 collisions km À1 ; 0.14 collisions km À1 1000 AADT À1 ), Kananaskis (0.7 collisions km À1 ; 0.19 collisions km À1 1000 AADT À1 ), Kicking Horse (0.6 collisions km À1 ; 0.13 collisions km À1 1000 AADT À1 ), and Kootenay (0.3 collisions km À1 ; 0.15 collisions km À1 1000 AADT À1 ).
Large-scale factors influencing DVC occurrence
The best-fitting model for the large-scale model included road width, distance to barrier, cover, topography, distance to water (drainage), and distance to human disturbance (Table 3; see  Appendix: Table A1 for full results). The study area term improved the fit of this model (DAICc vs. null . 22), indicating that the biophysical boundaries we defined was associated with factors influencing DVCs (Appendix: Fig. A1 ).
Location (spatial coordinates) also improved the fit of the large-scale model (DAICc vs. null . 43), suggesting that DVCs are better predicted by factors operating at local scales. Ultimately, however, the best fitting model (DAICc vs. null . 48) was created from an interaction of study area and location, indicating that large-scale and local-scale processes operate synergistically to affect the location DVC locations.
Local-scale factors influencing DVC occurrence
Factors predicting DVC occurrence varied greatly between individual study areas (Table  3 ). Distance to water was an important predictor of DVCs in three of the five study areas, while other variables (i.e., distance to barrier, slope, road width) had modest importance in only two of the five study areas. Topography, habitat, distance to cover and human use, and in-line visibility had little or no relative importance in any of the individual study area watershed models. When we included a smoothing term for spatial coordinates in the best-fitting model of each study area, there was meaningful improvement (DAICc ! 2) in three of the five study areas. This result indicates that, in addition to the 17 GIS-and field-derived variables we tested, there were one or more significant and unmeasured factors affecting DVC occurrence at a local scale (Table 3) .
Residual spatial autocorrelation
We tested for residual spatial autocorrelation (RSA) using spline correlograms (Bjornstad and Falck 2001) and Pearson's residuals from the fitted best models (Bjornstad 2012) . In the best- fitting model for the regional analysis, we found significant RSA for DVCs at a distance of ca. 17 m (Appendix: Fig. A2 ). We found no significant RSA in the best-fitting models for the individual study areas (with spatial coordinates included in the Bow-East and Kootenay models), suggesting that spatial dependencies between data points were accounted for appropriately in these models (Appendix: Figs. A2 and A3 ).
Model validation
To validate the adequacy of our models, we used Q-Q plots modified for analysis of logistic regression (Landwehr et al. 1984 , Zuur et al. 2009 ). We simulated 1000 data sets from the fitted models, and plotted the fitted residuals from the original model fit against the median simulated ordered residuals. Points outside of the 95% confidence intervals indicated possible outliers, while major deviations from the 1:1 line with points outside the confidence bands indicated departures from the model assumptions. The empirical probability plots for the best models in each watershed were all within the confidence intervals and showed reasonably straight lines (Appendix: Fig. A4) , with the possible exception of the Kootenay and Kicking Horse models (Appendix: Figs. A5-A9) , where low sample sizes (and thus wide confidence bands) made it difficult to determine if the apparent departure from a straight line was problematic.
DISCUSSION
We found compelling evidence that factors predicting DVCs are context dependent, with a strong interaction between large-and local-scale biophysical processes. We expected to find greater agreement in the composition of models among the five study areas for the following reasons: (1) study areas were contiguous and shared many important ecosystem properties, such as climatic envelope, levels of human disturbance, and the composition of plant and animal communities; (2) our monitoring focused on species from the same genus, that occur in similar areas throughout our study area (3) field data were collected using consistent methods among study areas. The lack of generality among our models suggests that accurate predictions of DVC occurrence will require data from the area (i.e., large-scale) and road section (i.e., localscale) of interest.
Road ecology theory predicts that WVCs arise from the occurrence of wildlife on the road, driver behavior and traffic volume (Forman et al. 2003) . The occurrence of wildlife on the road is a function of variables such as wildlife population size, movement behavior and habitat type (Jaarsma et al. 2006 , Found and Boyce 2011 , Rolandsen et al. 2011 , Cook and Blumstein 2013 . The relationship between these variables is complex (Garshelis 2000 , Frair et al. 2005 , Johnson et al. 2006 , Fryxell et al. 2008 , which may weaken predictions of WVC occurrence using data derived from other study areas. For instance, using a 31-year long monitoring study on moose-vehicle collisions (MVC), Rolandsen et al. (2011) found moose density was the more important factor explaining variation in MVCs, both within and between 17 counties in Norway. In addition, the spatiotemporal variation in MVC was positively correlated to traffic volume and snow depth and negatively related to winter temperatures. Traffic volume can also be highly patchy along otherwise homogenous stretches of road because of variation in traffic flow and driver behavior (Drew 1968 , Leutzbach 1988 , Van Langevelde and Jaarsma 2004 . Moreover, most WVC studies, ours included, do little to consider how these predictive factors vary over time. A legacy of high WVCs occurrence in an area may depress local population abundance, thereby lowering the probability of wildlife on the road, and generating 'cold spots' of WVC occurrence (Litvaitis and Tash 2008, Eberhardt et al. 2013) . Given the complexity of factors contributing towards WVC occurrence, we urge researchers to uncover the mechanistic pathways by which wildlife behavior and abundance, traffic volume and driver behavior give rise to WVC occurrence (Bouchard et al. 2009 ).
Some of the predictor variables we tested were present in the best-fitting models of more than one study area. Specifically, distance to water (drainage) was a key predictor of DVCs in the regional watershed model and three of five study areas. Typically, occurrence of DVCs was greatest .2 km from a drainage; however, the distance from drainage at which DVCs were lowest varied among these three study areas at 0 m at Bow West, 300 m at Kicking Horse and approximately v www.esajournals.org 1 km at Bow East (Appendix: Figs. A7-A9) . In many landscapes, particularly mountainous ones, large animals often move along riparian areas through the landscape, likely to minimize the energetic costs of movement (Chruszcz et al. 2003 , Dickson et al. 2005 , Brost and Beier 2012 . This suggests that drainages may increase DVC occurrence by concentrating wildlife movement across roads in highly localized areas. As such, mitigation measures aimed at increasing the safe passage of animals across the road in these areas may be more effective than influencing other predictors of DVC occurrence, such as driver behavior.
In addition to factors that concentrate animal movements over particular stretches of highway, factors that increase the time required by wildlife to cross a highway appear to be particularly important in areas with high traffic volumes. For example, in Bow-East, which has 100% more traffic than then next busiest highway (Bow-West), both barriers and road width increased probability of DVC occurrence. These variables were less important on highways with lower traffic volumes. These results are consistent with theoretical models that consider how animal body size, movement speed, traffic volume and road width influence DVC (Van Langevelde and Jaarsma 2004). Mitigation measures along roads characterized by high traffic volume should therefore focus on deterring wildlife access to the road surface, i.e., with exclusion fencing (Clevenger et al. 2001 , Olsson and Widen 2008 , McCollister and Van Manen 2010 , Gagnon et al. 2011 .
Researchers in the emerging discipline of road ecology are being called upon to help design sustainable road systems and to mitigate the ecological effects of expanding transportation infrastructure (Sanderson et al. 2002 , Ritters and Wickham 2003 , Laurance et al. 2009 ). To reduce the occurrence of WVCs will therefore require knowledge of what processes contribute to their occurrence and ways to change the outcome of these processes. Our finding, that these processes interact at large and local-scales, suggests that there is a continued need for long-term monitoring of WVCs in areas where road and wildlifesafety are a priority. In the future, these monitoring studies will provide the empirical foundation required to develop a general understanding of factors causing WVCs. Table A1 . A summary of all the possible generalized additive models for each study area analysis of deer-vehicle collisions with DAICc , 2. Model rank is the model rank order based on AICc; D2 is the proportion of deviance explained by each model; AICc is the corrected Akaike Information Criterion; DAICc is the difference between model AICc and the minimum AICc; w is the model AICc weight. Predictor variables are: (1) distance to water;
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(2) distance to cover;(3) distance to human use;(4) distance to barrier;(5) slope; (6) visibility; (7) road width; (8) habitat type; (9) topography; (10) study area, for regional analysis only. Fig. A1. Regional factors influencing WVC occurrence: Best fitting GAM for regional model, which included an interaction of biophysical study area and spatial coordinates. Dark red: probability of DVC ¼ 0, white-yellow: probability of DVC ¼ 1. GAM smoothing functions, with shaded areas delineating 95% confidence intervals. Term plots for parametric terms. Fig. A2 . Spline correlograms for the residuals of the best-ranking GAM in each study area, with 95% confidence bands. Distance is in meters. Maximum considered distance was 2000 m in all models. The x-intercept, the distance beyond which objects are no more similar than what is expected by chance alone across the region, is given below the distance label. In brackets are the 95% confidence values. Fig. A3 . Spline correlograms for the residuals of the best-ranking GAM in each study area, with 95% confidence bands. Spatial coordinates were included in the models for Bow-East, Kootenay and the All Study Area model. Distance is in meters. Maximum considered distance was 2000 m in all models. The x-intercept, the distance beyond which objects are no more similar than what is expected by chance alone across the region, is given below the distance label. In brackets are the 95% confidence values. 
